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Abstract

We consider the problem of iterative machine
teaching, where a teacher sequentially provides
examples based on the status of a learner under
a discrete input space (i.e., a pool of finite sam-
ples), which greatly limits the teacher’s capability.
To address this issue, we study iterative teaching
under a continuous input space where the input
example (i.e., image) can be either generated by
solving an optimization problem or drawn directly
from a continuous distribution. Specifically, we
propose data hallucination teaching (DHT) where
the teacher can generate input data intelligently
based on labels, the learner’s status and the tar-
get concept. We study a number of challenging
teaching setups (e.g., linear/neural learners in om-
niscient and black-box settings). Extensive empir-
ical results verify the effectiveness of DHT. The
code is made publicly available on Github.

1 Introduction

Machine teaching [1, 2] seeks a training dataset of minimal
size such that a learner can learn a target concept based on
this minimal dataset. Compared to machine learning where
a learner is provided with a dataset to find the optimal param-
eters, machine teaching studies the inverse problem where
the goal is to find a minimal dataset with which the learner
can converge to the given target parameters. A deeper un-
derstanding towards machine teaching is essential in many
applications, such as crowd sourcing [3, 4, 5, 6], optimal
education [1], model robustness [7, 8, 9, 10], curriculum
learning [11] and dataset distillation [12].

Depending on the type of learner, machine teaching can be
carried out batch-wise (i.e., the teacher provides the dataset
to the learner in one shot) or iteratively (i.e., the teacher
provides data to the learner iteratively and adaptively). Mo-
tivated by the dominance of iterative learners (e.g., almost
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Figure 1: Comparison of vanilla iterative machine teaching and
the proposed data hallucination teaching.

all types of neural networks), we study the problem of itera-
tive machine teaching (IMT) [13] where the teacher feeds
data intelligently based on the learner’s status in every iter-
ation such that the learner can converge to the target con-
cept within minimal iterations. The minimal number of
such iterations is defined as iterative teaching dimension.
Vanilla IMT [13] iteratively selects examples from a fixed
pool (i.e., dataset), which, however, is inherently a difficult
combinatorial problem computationally prohibitive to solve.
[14] addresses this problem by finding a continuous teach-
ing signal — the label space. Despite its simplicity, label
synthesis teaching still imposes a strong constraint on the
teaching space, limiting its capability of faster convergence.
To avoid the combinatorial problem of example selection
while enjoying the flexibility of a continuous teaching space,
we propose data hallucination teaching (DHT), where the
teacher generates from a continuous space the input data by
conditioning on the learner’s status. An intuitive comparison
between IMT and DHT is given in Figure 1.

Another motivation behind DHT comes from the promising
results of approximating a dataset with synthetic prototypes,
such as dataset distillation [12, 15] and dataset condensa-
tion [16]. DHT shares the same spirit as dataset approxi-
mation in the sense that both aim to guide the learner to
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some target concept with synthetic samples. Different fronOur contribution can be brie y summarized as follows:

dataset approximation, DHT takes one step further by taking e propose a novel teaching framewortata halluci-

the speci c iterative optimization algorithm into account  nation teaching where the teacher iteratively generates
and seeks to generate a sequence of examples (with orderingsynthetic training data depending on the learner's status.
information) rather than a synthetic dataset. DHT vyields a highly exible teaching space.

DHT can also be viewed as a natural generalization of IMTe In the DHT framework, we comprehensively study the
extending the original discrete teaching space to a continu- greedy and parameterized policies under both the omni-
ous one. Such a generalization introduces more modeling scient and black-box scenarios.

exibility but meanwhile makes the teaching process more, \yg propose a novel performative formulation for iterative
challenging. To tackle this challenge, we study both greedy teaching, which assumes a dynamically changing teaching

teaching policy and parameterized teaching policy. Par- (56t The formulation is shown to be a natural t for
ticularly for the parameterized one, we propose multiple teaching black-box neural learners.

teacher formulationse(g, generative models) and multiple
teacher's action spaces.g, Mixup sample spacel[]). We
emphasize that DHT is quite different from standard gener-
ative models which usually capture static data distributions.
In contrast, DHT models dynamically changinglata dis- ¢ We demonstrate faster convergence of DHT versus SGD
tribution, which depends on the learner's status and is used and other baselines, both theoretically and empirically.
for fast convergence rather than reconstruction.

« Forthe rsttime, we are able to apply iterative teaching to
black-box neural learners on realistic datasets. Signi cant
performance gain is observed empirically.

The intuition behind the bene ts of the continuous teach—2 Related Work

ing space in DHT comes from the empirical success oMachine teaching The study of machine teaching begins
Mixup [17, 18] and data augmentatiori9, 20, 21, 22].  with the batch setting2}4, 1, 25, 26], where the teacher
Mixup uses a linear interpolation between two samples fosimply prepares a dataset of minimal size to the learner
training neural networks. Data augmentation perturbs theowards some target concept. Efforts have been made on
inputs, e.g, images, in a small neighborhood around thethe teaching behavior of different types of learner, such
original input. Both methods can be viewed as a continuougs version space learnerd7] 2], linear learners 45,
perturbation in the high-dimensional input space and specidternel learners 9], reinforcement learner3[)], active
cases of DHT. Evenif it is only a small subset of the contin-learners $1, 32], teacher-aware learner3d and forgetful
uous input space being considered, the empirical generalizkearners 34, 35]. Iterative (or sequential) machine teach-
tion performance can be signi cantly improved. Therefore,ing [13, 35, 36, 26, 37, 14] studies iterative learners by con-
the original discrete input space can be sub-optimal fosidering the speci ¢ optimization algorithm that the learner
teaching, for which we propose to explore the continuousises. The teaching performance is measured by the learner's
input space in order to improve the learner's convergence.convergence. Machine teaching has diverse applications in
_reinforcement learning3g, 39, 9, 40], human-in-the-loop
elearning B1, 42, 43], crowd sourcing 3, 5, 6] and cyber
ﬁ_ecurity B4, 7, 45, 46, 47]. Sharing similar spirits, coopera-

Speci cally, we study DHT under both the omniscient sce
nario, where the teacher knows everything (particularly th
optimal learner parameters) about the learner, and the blac A . . :
box scenario, where the teacher has no prior knowledge ve communication48, 49, 50] also studies the mt_eractlon_
the optimal learner parameters. We theoretically prove tha etween a tea(_:her and_a learner as well as how information
DHT can achieve exponential teachability (ETE], and can be transmitted ef ciently.

empirically show that DHT achieves much faster converData augmentation In deep learning, data augmentation
gence than a random teachee ( SGD) and IMT [13]. is ubiquitous 19, 51, 52, 22] and plays a crucial role in
regularizing neural networks and improving generalization.

Most signi cantly, we formulate the problem of teachin ; : - . .
9 y b 9 Without it, the training set can be easily tted and training

black-box neural learners psrformative teachingvhich is | il be minimized t ith random lab&ls
a novel application of performativity?[3] to iterative teach- 0ss will be minimized 1o zero even with random la It .
Data augmentation is ttge factochoice in image recogni-

ing. Speci cally, performative teaching assumes that the; . )

teaching target will shift based on the teacher's action. Thistlon [19, 54,59 and_also one of the key ingredients to the
is exactly the scenario when we perform iterative teaching irptCCess of contrastive learning [22, 56]
the representation space of neural networks. We show th@ataset approximation How to approximate a dataset
under this formulation, DHT is able to teach deep neuralvith a few representative prototypes that can be used for
learners in a fully black-box manner on realistic datasetdraining remains an open problem and is actively studied
such as CIFAR-10 and CIFAR-100. We believe that it isin coreset$7, 58, 59, 60], dataset pruningdl, 62], dataset

the very rst time that iterative teaching can be used todistillation [12, 15] and dataset condensatiarf]. However,
teach black-box nonlinear learners in realistic settings whiledataset approximation typically considers one batch of data,

achieving signi cant empirical performance gain. while DHT constructs a sequence of data samples.
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3 Data Hallucination Teaching Equation 4 can be directly used to teach any linear learner
such as least square regression and logistic regression. De-
spite its simplicity, the greedy policy is computationally
Teaching protocol We generally follow the teaching proto- expensive ik is high-dimensionald.g, images).

colin [13, 14]. This section mostly considers the omniscient
scenario. That is, both the teacher and the learner obser\?’e3
the same samplé& and share the same feature space, whiclThe greedy policy considers only a one-step update for the
representé\ asx with the labely. The teacher knows all learner, hence is inevitably sub-optimal. However, consid-
the information about the learner, including the model paering all the possible combinations fin multiple steps
rametersw' at thei-th iteration, the learning ratg, the  is computationally infeasible, especially when the teaching
loss function' and the optimization algorithm (usually we spaceX is continuous. To address this, here we study a
consider SGD). The teacher can only feed examplésy')  parameterized teaching policy. The central idea is to param-
to the learner at thieth iteration. eterize the teacher by a neural networland the teaching

Teacher's objective In the omniscient scenario, the teacherpOIICy IS denot_ed as . \.N'th a parameterized policy, we
aims to provide examples to the learner in every iteratiorFan easily consider multlple-step updates for the Iearngr. For
such that the learner parametersonverge to the desired examplte,ﬂ\]/v hten tiklng-f_te_p updatis f?zthe Ieszr ner into
parametersv as quickly as possible. We typically use account, the teacher optimizesn — kw WK

w =argminy E.,)f (X;yjw)g. The teacher seeksto 3.3.1 Data Transformation

optimize the following objective for gradient decent Iearner:.l_o simplify the problem, we start with a data transforma-

tion policy (at thet-th iteration)x = (x;y;w';w ) that
transforms a randomly sampled data pginty) to a teach-

3.1 Problem Settings

Parameterized Teaching Policy

min
f(xLyl); (xTiyT)g

. 1 .
st 3\,(:/le ,_WW)I Bl oyt ) @ ing example(x;y). To I()a&e\rn , We have that
tT @t . v R iyl i (I
. minkw"( ) w K+ ( (xhy'swsgw ) y'iwse)
whered( ; ) denotes some discrepancy measerg,(Eu- i=1
clidean distance or cosine similarity). The above optimiza- s.tw'( )=argmin Ex.y) =~ (X;¥;W;wW );yjw

tion is in general intractable ands hard to set in practice,

so we usually resort to a simpler teacher's objective: where is a hyperparameter and the learner is initialized

atwP. The policy keeps transforming the randomly

dw™;w ) (2)  sampled data based on both the current learner parameters
and the target parameters in order to improve the learner's

whereT is the prescribed termination iteration. This mini- convergence tev . To solve this bi-level optimization, we

mization aims to nd a teaching trajectory of lengthsuch  can simply unroll the inner optimization with steps of

that the distance between” andw reaches the minimum. stochastic gradient descent, which enables the gradient to

Learner's objective. The learner minimizes its loss func- OW backto  when solving the outer minimizatiori, 63].
tion * with examples given by the teacher. If the teacherThis shares the same spirit as meta-learni &nd back-

feeds one example at a time, gradient descent learners uggropagation through time in recurrent networks][ We
el et note that the greedy policy is the special case of 1.
t+1 t @x "y jwd)

w't = w ¢ - (3) In order to amplify the learning signal, we introduce an
@v auxiliary intermediate loss minimization into the teacher's
where" can be any regression or classi cation loss. objective. With this auxiliary term, the teacher will favor the
teaching trajectory that not only quickly guides the learner
tow but also well minimizes the learner's loss function. In
We start with the simplest greedy teaching policy whichthe implementation, we simplify the gradient in the auxiliary
uses Euclidean distance @and approximates Equation 2 term by replacingv’ with WiSG = StopGradier{tv').
with T -times one-step minimization. DHT aims to generate
the teaching example;y). To simplify the problem, we
uniformly sample a labsf and synthesize the corresponding The data transformation policy builds a learner-conditioned
datax for teaching. This leads to the one-step optimizationdeterministic mapping from existing data to teaching ex-
L @yt jwt) 2 amples, and it does not model the underlying distribution

min
f(xLiyl); (xTiyT)g

3.2 Greedy Teaching Policy

3.3.2 Generative Modeling

Ly min av of t_eac_hir_lg examples. Moreover_, the data transformation

xRy U 2 (4)  policy is likely to generate unrealistic samples that do not
2wt w @YW, match the underlying data distributi@(x). To this end,

@v' we study the generative teaching policy. The central idea

wherex '*1 is optimized withinX (e.g, pixel spacd0; 255) is to parameterize the teaching policy with a generative
andy is sampled uniformly from the discrete label space. model and impose a distribution divergence constramt,
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Div(p( );p(x)) , which is used to force teaching exam- teaching gradient ratio that is used to quantify the scale dif-
ples to be similar to the empirical data distribution. ference between the gradient of a normal sample and that of

GAN-based teacher One of the simplest ways to perform ateaching exampléy, s de rled as the transformation
perator that maps to x, i.e, x = Ty, » X.We have

generative modeling is to use generative adversarial net!
works (GANSs) B6]. Therefore, we parameterize the teacher rw (eyjw) = g0¢) Tar o« 1w (X;yjw): (5)

as a generator and introduce an additional Qiscriminator:or LSR, we have tha(x) = WX Y Eor | R we have

D () to close the gap between synthetic teaching examples Lrexp( yhw ixi) woxiy o

and real data. Speci cally, the teacher model optimizes  thatg(x) = Tigevav ) - We note thag(x) is important

for the convergence of the learner and also largely deter-
mines the teacher’s ability to achieve ET. Following prior
work [13, 35], ET is de ned as the ability for the teacher to

kw'() wok; + (Z;xy i wsgw )iy Wse guide the learner to convergewo at an exponential rate.
i=1

stw'( )=argmin Ex.yy ~  (Z;X;¥;W;W );yjw Theorem 1 (Exponential teachability of DHT) Assume
" that the learner loss; has the property of interpolation,

wherez is a noise vector following a normal distribution Li-Lipschitz, and convexity. is order-1 strongly convex.
and we sometimes omit the input argumemtsy;wW;w )  Then DHT can achieve ETT, x is an scaling mapping,
for  for notational simplicity. Similar to learning the data j.e., T,, » x = x and is adjusted such thaj(x) =
transformation policy, we unrolr steps of SGD for the ¢, kw! w k. Speci cally, we have that
inner optimization and put/Y( ) into the outer min-max . , ) s N )
optimization for end-to-end training. This outer min-max Efkw' w kg (1 ¢ ¢ +¢i tbmay W™ w — (6)

min mDaxE* p (zylog 1 D( (2)) + Ex pix)log D(x)

problem can be solved following standard GAN training. i, which Lmax = Max;L; and = P . i=n. It implies
VAE-based teacher We take advantage of a pretrained vari-that O((log ) *log(*)) samples are needed to achieve
ational autoencoder (VAEB[] to realize the distribution Efkw' w kg . Weletco=1 ¢ ¢ + ¢ ZLmax

divergence constraint. Speci cally, we rst pretrain a VAE andc; is adjusted suchthd@<c; < =L maxholds.

on the full dataset to capture the joint distributia(x ;y),

and then let the teaching policy to generate data in the laten

space of the VAE. The objective for the teacher model is
XV

heorem 1 validates the importancegfk) in achieving ET.
henTy, « isa scaling mapping, DHT recovers the case of
label synthesisl4]. Thus, DHT can always achieve a better

min kw' w kg + “p ( )yiwks + KL jip(u) convergence rate than label synthesis. Further, DHT en-
i=1 joys all the theoretical guarantees for label synthesis. When
stw’( )=argmin Exy) ~p ( )yjw Tx1 x is a nonlinear mapping, DHT will become very exi-

ble and potentially a better convergence rate can be derived.
where the xed Gaussian prior for VAE's latentis p(u)
andthedecoderis ()= p (xj (u;x;y;w;w );y). 4 Black-box DHT for Neural Learners
KL( jj ) is the Kullback—Leibler divergence. VAE essen- ) ) )
tially serves as a bridge between the latent space and tHB this section, we discuss how DHT can be used to teach
input data space, and the teacher generates the latent cdefedral leamners in a black-box setting. Black-box teach-
which is then mapped to raw data by the decoder. Comparetfd for neural teachers has long been an open challenge in
to GAN-based teacher, VAE-based teacher enjoys strongdi€rative machine teaching. We start by studying how param-
training stability and also avoids the problem of mode col-€térized DHT can be extended to the black-box setting and
lapse. Since the GAN-based teacher is jointly trained witrfh?” introduce a novel alternative — performative teaching
the learner, it may produce examples that achieve bett&¥hich can naturally be used to teach neural learners.

teaching performance but yield weaker semantic meaningg|ack-box teaching is generally dif cult due to two aspects.
First, the optimal learner parametevs are no longer given
and how to nd a good surrogate to measure the distance to
Similar to sample selectionlB, 35] and label synthe- w is crucial (essentially when the learner is nonlinear and
sis [14], we now show that the greedy DHT can prov- non-convex). In general, the goal of black-box teaching is to
ably achieve ET. We consider two types of linear learnimprove the learner's generalizability instead of its conver-
ers here: | sr(X;yjw) = %(h/v;xi y)? for the least gence to som& . Therefore, we usually seek to nd a sur-
square regression (LSR) learner apd(x; yjw) = log(1 + rogate forw =argminy E.y) p.f (X;yjw)gwhere
expf yhw;xig) for the logistic regression (LR) learner. P, denotes the underlying joint data and label distribution.
For simplicity, we consider the case where the label is &econd, the teaching space of DHT is huge and how to
scalar. For LSR, the gradientr.t. w of a single sample properly reduce the teaching space to a reasonably small yet
(x;y)isr w = (hw;xi y)x. ForLR learners, the gra- suf ciently effective one is important. Black-box teaching
dientisr " = X Then we de neg(x) as the  shares a similar ultimate goal to knowledge distillati6s][

3.4 Theoretical Insights and Discussions

y
1+exp( yhw;xi) "
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4.1 Mixup-based Teaching

We propose a black-box DHT based on the data augmenta-
tion space in Mixup]7]. The basic idea is to learn a teacher
that produces the learner-conditioned Mixup coef cients.

Surrogate target We use a simple surrogate to measure

the distance tov : the validation accuracy on a held-out

validation data set that is not used for training the learner.

Recent studies in neural architecture seafish 70, 71],

meta-learning 72] and automated machine learning3[

validate the effectiveness of such a surrogate to approximateFigure 2: Performative teaching for black-box neural learners.
the distance to a generalizalle .

Teaching spaceWe restrict the teacher's action space to theind [23, 77]. When supporting consequential decision-
data augmentation space in Mixup. Speci cally, the teachmMaking, predictive models can produce actions that in u-
ing policy outputs the interpolation between two randomlyence the outcome they aim to predict at the beginning. These

selected samplés 1;y1) and(X2; y2): predictions are callederformative

(x1:y1): (X2:y2);wt = xg+(L )x2 (7) Asshownin Figure 2, we decompose a neural network into
two components: a neural encodgK ), which is used

to extract features, and a linear classigi( ), which is

used to obtain class labels. Suppose we teach the last-layer
classi er of a neural network with omniscient DHT and
the teaching example will thus change the gradients for up-
dating the neural encoder. Then after the neural encoder
gets updated, the teaching target will also be shifted
because the data representation changes. The entire process
is iteratively executed. Inspired by the striking connection
Unrolling. We rst formulate the learning of the teacher as between performativity and iterative teaching in the repre-
a bi-level optimization similar to the one in Section 3.3.1.sentation space, we introduce performative teaching where
The outer optimization is to minimize the empirical risk the teaching target  will change dynamically according

on the validation seb, and the inner optimization is to t0 the teacher's action. In the context of teaching black-box
minimize the empirical risk on the training S8t . We have ~ neural learners, performative teaching is formulated as

where = h ((X1;y1);(X2;y2);w'). h () is a neural
network parameterized byand outputs the Mixup coef -
cient for mixing x; andx . The teaching example is =
x1+(1 )Xo, andits labeligr= y;+(1 )Yo.
Speci cally, we can learn a teacher netwdrk) that either
outputs a continuous value withj@; 1] or outputs a discrete
value €.g, f0;0:25; 0:5; 0:75; 1g). For the latter case, the
teacher is a classi er for the discrete Mixup coef cients.

MiNEx,ya)p 2 XaiYajw () (Xmiyn ) dwhw (t) ; stw (1) M (Xt 1;yt 1) (8)
iyt
stw'( )=argmin Ex,yyp .,  (XeiYriw)yrjw . . .
w wherew (t) is the target parameters at th#he iteration

which can be solved by unrolling a few gradient descentandM (x;;y;) denotes the distribution of the target learner
steps of the inner minimization to the outer minimization,parameters that is dynamically dependent on the teaching ex-
similar to works p4, 71].  consists of a network ()  ample(x;;y;). In training, Equation 8 is solved alternately
that outputs the Mixup coef cient. Here the empirical risk with the gradient update for the neural encoder.

on the validation set serves as a proxy to the distanee to _ i )
If we want to use performative teaching to train neural learn-

Policy gradient. Alternatively, we can also resort to the ers in practice, we still need to consider a few unresolved
policy gradient approach7fl]. We can use the accuracy problems. First, we have to estimate in each iteration.

on the validation set as the reward sigRalThus simply  Because the teaching is performed for linear classi ers, esti-
maximizing this terminal rewardnin J( ) := E fRg  matingw is relatively easy. We simply run a few more gra-
leads to the updae rule for the teacher:  + r J( )  dient descent steps to update the last-layer linear classi ers
wherer J( )= ,r log (ajsi)Rand(a;st)isthe  with the neural encoder xed, and the resulting classi er
state-action pair at theth iteration. For the state features, weights are viewed as an approximate. Second, we need
we use the current learner's predictions of representatives develop a concrete algorithm to minimidevt; w (t))
samples. For the action space, we use a discrete Mixugven ifw (t) can be estimated. We resort to the simplest
coef cient space 0; 0:5; 1g to reduce the search space. The greedy teaching algorithm. In order to preserve the semantic
overall training is conceptually similar to prior work [69].  meaning of the original featune (given its ground truth
labely) and to remove potential degenerate solutions, we
optimize the teaching example in ameighborhood ok,

The concept of performativity has been studied primare.g, kx  xk . Combining all the pieces, we sum-
ily in economics 5, 76] and recently in machine learn- marize our performative teaching algorithm for training a

4.2 Performative Teaching
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Algorithm 1 Performative teaching for neural learners

1. Randomly initialize the neural network. We denote the neural
weights ofg: asv, and the neural weights @b asw;

fori=1;2; ;T1 do

2. Form a mini-batch ofn samples and perform inference to
extract features, denoted@s;;y1);  ;(Xm;Ym)-

§- W puffer W.

4. Fix v and updatev by minimizing the empirical risk on
the training set€.g, a few SGD steps).

5w w and thenw W puffer-

forj =1;2; :m do

6. Solve the greedy teaching problem for jhth sample:
L, @ayliw) 2
xj =argmin —a
2
2 hw w ;Mi 9)
» @v
X!
st k%k m i kxk= kxjk Figure 3: Omniscient teaching with or without label synthe$i.[
J

end Convergence comparison between our greedy teaching policy with
7. Use SGD to update the neural network 4ndv) by replac- several other baseline methods. Left: half-moon. Right: MNIST.
ing (X1;¥1); i (Xm;Ym) With (¢15y1); 5 (¢m i Ym)-

end CIFAR-100. Full experiment details and additional experi-
mental results can be found in Appendix.

black-box neural learners in Algorithm 1. After we obtain °-1 Omniscient Teaching

the teaching exampleg with greedy DHT, we replace the |n the omniscient teaching scenario, we seek to optimize
original x} with x—} during training. This is essentially to the convergence speed to a target classiver and because

add a perturbation to the original feature and the backwarthe target classi er exhibits good classi cation performance,
gradients to update the network will be affected. In practicewe also measure the convergence of the testing accuracy.
the computational overhead is reasonably small as long a&/ initialize all the models with the same architecture and
we use a small number of steps to estimatein each it- model weights. All experiments are repeated ten times with
eration. Instead of using aneighborhood of the original different seeds. We compare random teacher, SGD),
feature in the Euclidean space, we usersighborhood samples selected by IMT, and samples generated by DHT.
on the hypersphere with the radius being the norm of th&Ve update the student model with a standard SGD optimizer,
original feature in Equation 8. This is inspired by the obsera learning rate of 0.001, and compare the convergence be-
vation in [78, 79, 80, 81, 82, 83] that angular distance in the havior in the rst 300 iterations.

representation space tends to model semantic dn"ference.Greeoly teaching policy. For greedy teaching, we addi-

Performing DHT iteratively in the representation space cartionally optimize the labels withi[], i.e., after one sample
provide additional information for the last-layer classi ers, has been selected or generated, we further optimize the
leading to better convergence of the last-layer classi erscorresponding label by xing the sample. The results are
This will in turn improve the backward gradients of the loss summarized in Figure 3. The baseline methods SGD+Label
w.r.t. the representation which is responsible for updatingand IMT+Label correspond to variants of the LAST frame-
the network encoder. From an optimization perspectiveywork [14]. For samples generated by DHT, we constrain
performative teaching shares similar spirits to Lookaheadhe value of each dimension to be within the minimum and
optimizer B4] in the sense that both methods use informamaximum of the original dataset; for the optimized one-hot
tion about future steps, which can be viewed as an approxiabels, we constraint its values to be positiye> 0 and the
mate form ofw . With the surrogate knowledge of for  magnitude to satisfirk, 2. Constraining the magnitude
the last-layer classi er, DHT implicitly encodes more infor- to 2 gives the teacher more exibility when generating la-
mation about the loss landscape and may help the neurbkls than the original one-hot label space. We observe that
encoder to avoid some poor local minima. with or without label synthesis, greedy DHT achieves the

fastest convergence and outperforms both SGD and IMT.

5 Experiments and Results
P Parameterized teaching policy The results of the data

We evaluate DHT on several widely used image classi catransformation policy are given in Figure 4. We generally
tion datasets: for white-box and black-box teaching in theobserve that parameterized policy exhibits faster conver-
logistic regression, we test our policies on synthetic halfgence than greedy policy, and DHT again outperforms both
moon and MNIST; for black-box teaching in deep neuralSGD and IMT by a signi cant margin. It is worth mention-
networks, we test our methods on MNIST, CIFAR-10, anding that we do not impose any constraint on the output space
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Figure 6: Visualization of the data synthesized by a VAE-based
Figure 4. Convergence of data transformation policy. Left: binaryteacher after iterations 10, 150, and 290. The orange line indicates
classi cation on half-moon. Right: 3/5 classi cation on MNIST.  the target classi ew ; the green dashed line indicates the student
classi er. Different colors indicate different classes; points with
lower opacity represent the ground truth data distribution.

Figure 5: Convergence of GAN-based and VAE-based generative

modeling policy. Left: half-moon. Right: MNIST. Figure 7: MNIST samples synthesized by the DHT teacher con-

ditioned on GT labels (3/5) during the training process. Upper
when synthesizing samples, resulting in out-of-distributionfow: samples synthesized by the VAE-based teacher. Lower row:
samples that are not semantically interpretable for human¥mples synthesized by the GAN-based teacher.
(e.g, on MNIST it appears to be random noise images).

Next, we discuss the difference between GAN-based and
VAE-based teaching policies. The weight convergence is
given in Figure 5 and some generated samples are exempli-
ed below in Figure 6 and Figure 7. The GAN-based teacher
is able to outperform the VAE-based teacher in both experi-
ments. In general, we observe that by synthesizing samples
directly in the image space, the teacher has more freedom
in conveying information, causing the student to learn fastef;igure 8: Convergence of black-box parameterized teaching policy
However, this also means that the data synthesized byvé'th the full teaching space. Left: half-moon. Right: MNIST.
GAN-based teacher might appear to be visually very dif-

ferent from the original data set. A VAE-based teacher caner W , i.e,, by relying solely on the empirical classi cation
synthesize samples that appear much closer to the origink)ss on the validation set. Surprisingly, when teaching a
data distribution at the cost of teaching performance. Weinear logistic regression learner, the knowledge about the
observe in Figure 6 and Figure 7 that the synthesized sartfrget classi er is not indispensable to achieve fast conver-
ples are nearly differentiable from the original data set. Onegence in terms of test accuracy (see Figure 8).

interesting observation is that the GAN-based teacher in}\?lixup—based teaching We

. . . . . Method Accuracy (%)
plicitly learns a meaningful teaching policy. First, samples

hesized that h ) listic ch - mpirically evaluate our ERM 6175
ahre sy_nt. e|S|ze tS atd ave cegtmg stylistic ¢ a_racterlstlcs ixup-based teaching with eMixup 66:27
the original MNIST dataset but do not contain any meanUnroIIing and policy gradi- dMixup 65:80

ingful semantic information. During this stage, the student, .. in Table 1. The learner  Unrolling 65:18

can ef ciently converge tav ; afterward, the GAN-based is a simple CNN model Policy gradieni  67:64

teacher generates samples that look more similar to the ori%- o
. ) ) . timized by a standard : -10.
inal dataset, and we can interpret it as a ne-tuning proces%gam optimi;ler on CIFAR- Table 1: Results on CIFAR-10

The evolution of the ggne_rated samples during the teachingO without data augmentation for 50 epochs. We compare
process can be seen in Figure 7. our Mixup-based teaching policy with standard empirical
risk minimization (ERM), ERM with continuous mixup
data augmentation.¢., interpolation coef cient sampled
Parameterized teaching We start with the black-box ver- from a beta distribution, denoted as cMixup), and ERM with
sion of parameterized teaching. We use the same teachiriscrete mixup data augmentatiare( mixing coef cient
objective as the parameterized teaching in the omnisciertiscretized td 0; 0:5; 1g, denoted as dMixup). With policy
setting and remove any information about the target classgradient, we observe that our DHT teacher is able to nd a

5.2 Black-box Teaching
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Dataset | Learner SGD Random Polic DHT
MNIST MLP  92:45 0:07 92:47 0:06 95:02 0:04
CNN-3 87:30 0:28 87:17 0:17 88:77 0:35
CIFAR-10 | CNN-6 90:34  0:10 90:20 0:09 91:61 0:23
CNN-9 91:10 0:26 91:12 0:12 92:30 0:13
CNN-15 91:85 0:28 91:67 0:13 92:44 0:15
CNN-3 62:10 0:29 62:04 0:11 62:69 0:37
CIFAR-100| CNN-6 65:02  0:24 64:96 0:17 66:81  0:17
CNN-9 67:05 0:29 67:19 0:23 69:23 0:34
CNN-15 68:39 0:39 68:49 0:17 68:96 0:36 Figure 9: Convergence of privacy-preserving teaching on MNIST.
Table 2: Testing accuracy (%) of performative teaching. Multiple
types of neural learnere @, MLP and CNN) are considered. all datasets and all different neural learners. We emphasize

that we do not havey for the neural networks, so perfor-
policy that greatly facilitates the convergence of the studeniative teaching can be used to teach any neural network
model and outperforms the other baselines. Note that wen any dataset. We only consider a simple greedy DHT in
characterize the model states with model features that afgerformative teaching, and the teaching performance could
obtained through querying the student model, similafitd.]  be further improved with an advanced teaching algorithm.
We also notice that unrolling does not perform as well as the ) ) ) ) _
baselines, and we suspect that this is because the space®$ Privacy-preserving Teaching via constrained DHT
Mixup coef cients is highly non-smooth. There exist many In practical applications,
poor local minima that prevent the unrolling approach fromgenerating samples that are
nding a good solution to the bi-level optimization. semantically distinct from

Performative teaching for neural learners We compre-  th€ original data distribution

hensively evaluate the performance of the performativé&©uld be bene cial. For ex-

teaching by conducting image classi cation experiments2MPl€, in the medical do-

with similar architectures and settings &4]j For CIFAR- ~ Main, we wish not to re-

10 and CIFAR-100, we start the training with the learningV€@l Sensitive information o6 10: Private perceptual
rate 0f0:1 and divide it byLOat iteration 20k, 30k and 37.5k. that might contain in the distance of the synthesized sam-
The training stops at iteration 42.5k. For MNIST, we startOriginal dataset. As a proof ples during teaching. is a pre-
the training with a learning rate G001and train for 39k ~ Of concept, we regard pri- scribed distance threshold.
iterations. We use a standard SGD optimizer with weight/Cy Preservation as some ,

decay. The batch size is set to 128 and only basic data augiStance constraints on the feature spaes,the generated
mentation is performed. Multiple network architectures areS@Mples are at leasaway (in a semantic latent space) from
used to serve as the learner and the speci ¢ architectures afePre-de ned privacy set. The teaching objective is

given in Appendix. Results are given in Table 2. minkw'( ) w kg + Coywh)

We compare our performative teaching with two other base- t=1 (10)
lines. The rst one is vanilla SGD optimization, where no +maxfo; k () (x)kig
teaching takes place during the training. This is to demon- stk () (x)K3

strate the clean performance gain obtained by performative ) ) )
teaching. From Table 2, we can clearly see that DHT conhere () is a pre-trained neural network for computing
sistently outperforms vanilla SGD by a considerable marginPerceptual distance. Here, we demonstrate that it is possi-
To further verify whether DHT indeed teaches useful infor-Pl€ to achieve similar teaching performance by only syn-
mation or not, we construct a random policy in the exacthesizing samples that satisfy the privacy constraints (see
same action space of the performative teadteeywe omit ~ Figure 9). We also show the private perceptual distance
the teaching process, but instead uniformly sample a ne@uring the teaching in Figure 10 in which the private per-
point on the same-neighborhood on the hypersphere of the ceptual d|stapce is dg ned as the minimal dlstance between
representation space. The only difference between randof€ Samples in the privacy set and the synthesized sample.
policy and performative teaching is how we generatand 6 Concluding Remarks

we note that the space to generates the same for both.
This comparison shows that the performance gain does nadh this paper, we introduce a novel data hallucination teach-
result from implicit data augmentation in the representationng framework and demonstrate, both theoretically and
space, as can be seen from Table 2 that a random poli@mpirically, that DHT achieves promising teaching perfor-
does not have a noticeable effect on the nal performancanance in both omniscient and black-box settings. We also
All the results in Table 2 are averaged over 5 runs and thaighlight that a novel performative teaching formulation is
standard deviations of accuracy are also given to make suigroposed for teaching black-box neural learners. Experi-
that the performance gain is not due to randomness. Thments show that DHT is able to achieve signi cant perfor-
performance gain of performative teaching is evident acrossnance gains when teaching black-box neural learners.
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A Proof of Theorem 1

From the(t + 1) -th gradient update with the greedy DHT teacher, we have that

2 . .
wtow T=wt 08y WD) w
= wh o og0s,) Txr % 1 owe (XigYidw!)  w
t 2 (11)
= w

£ 0% rwe (Xisyiwh)  w
Fd_:{z)_}
=0s(xi¢)

wherex is the data generated by DHT anddenotes a randomly sampled index from the pool intttieiteration. Because
Tx1 x is a scaling mapping, we have tlg(x) is generally de ned as

kr w (X;yiw)k  kxk

Os(x) = g(x) = m ik’ (12)
which, for different linear learners, can be instantiated as
LSR learner:gs(x) = %
exp(  yhw;xi) (13)

LR learner: gs(x) = -
Gs(x) 1+ exp(yhw;xi)

which can be controlled by adjusting the value of can be dependent am, so it can be different in different iterations.

Intuitively, since we can adjustto equivalently adjust the learning rate, we can therefore provably have a better convergence

rate. Concretely, we have that

t+1 2o owt w2 2 10506 )hr wo (XY gwhy;wt o ow i

w w = w
2 2 N Loty 2 (14)
+ t(gS(X“it)) rwt (Xit;Yith)
which can be simpli ed as (by denoting,,« “(xi, ; yi, jw') asr “j, (w!)):
whtow f=wt w T 200G )b (wiwt woi+ Rge0n)? T wh) o (15)

Because we know that the synthesized datagenerated by the greedy DHT policy is the solution to the following
minimization:
Xi, = argmin 20 (X202 T we (i yidwh) 2 2 0GRy (i wwt wi (16)

't

t

then we plug a new°which satis esgs(x%) = c1kw'! w kto Eq. (15) and have the following inequality:

2 2 R . < 2
wit o w whoow 2 GO T (whwt o woi+ Hgs () T i (w)
= w' w ° 20wt ow hrwhwt o owoi (7)
< 2 2
+ 2 r i wh) Cowtow

. .. 2 . 2
which holds because;, leads to the minimalw'** ~ w  “ andx°has to result in a larger or equab'** ~ w .

Next, we apply the convexity df( ) and the order-1 strong convexityq] of *;, (), and therefore have that (let, =0
when’;, is not order-1 strongly convex):

hr S whwt wi iw) T wh) % wlow (18)

which results in

t+1 2 t

) ) . .
w w wt w42 00 wtow wo) i (wh) %w‘ w

+cor i (wh) Zwt w2
2 . . 2
= w w 42w ow (Ciw) iwh) e, whow
2.

. 2
+G o wh T owhow






